Abstract. In technical analysis, each trading strategy can trigger a buy or sell action whenever the specified conditions are satisfied. When a set of strategies are applied to a particular stock, a trader often receives conflicting recommendations from each strategy. In this paper, we propose a unified data mining approach in which the outcomes of each strategy are taken into consideration for decision making. First, we develop a framework for composing complex trading strategies. Next, we show how to perform simulation analysis on constructed strategies using extracted historical prices. The result of the simulation analysis is then used for training classifiers which can be used for recommending stock trading actions. Experiments conducted with the price data from Hong Kong Stock Market show promising results.
Introduction
Trading securities based on technical analysis [3] [4] is considered as one of the most important techniques in today stock markets. However, most of the existing online trading systems only provides functions such as configuring common technical indicators, generating predefined sets of trading signals, and triggering buy/sell actions based on simple if-then rules. Experienced traders often find these functions too rigid since they cannot be tailored for the individual needs. In this paper, we describe a decision support system for trading securities based on use-defined strategies. Through the developed system, traders can create complex trading strategies by combing trading signals incrementally.
Optimization of technical indicators [19] and mining of trading strategies [20] based on evolutionary algorithms have been extensively studied in recent years. In these approaches, to achieve optimum results, selection of parameters for the technical indicators and composition of trading strategies are done automatically based on genetic operators through evolution process. Although automatic composition approaches are proven to be effective, manual composition and testing of complex trading strategies is equally vital in certain circumstances. For instance, a trader may have designed a set of strategies and they are frequently applied to a certain stock. However, these individual strategy can generate conflicting results (e.g. buy/sell suggestions) when they are applied simultaneously on a particular stock. In this case, the trader may have to decide which strategy should be used for actual trading. The trader may not be able to identify which strategy is the best for such circumstances and any wrong decision can cause devastating financial loss. To alleviate this problem, a unified approach is needed to incorporate individual strategy when making trading decisions. In this paper, we propose a novel approach for training classifiers based on the outcomes of user-defined strategies.
First, we perform a simulation analysis in which constructed trading strategies are applied on extracted historical prices. The result of the simulation analysis is then used for training classifiers. Whenever the price of the stock is updated, the trained classifiers can be used by the trader in making long and short decisions. Since classifiers are trained with the outcomes (signals) from all strategies defined for a particular stock, any potential conflicts which can be caused by these strategies are eliminated. Experiments conducted with some of the stocks from Hong Kong Stock Market shows promising results.
This rest of the paper is organized into 6 sections. A brief introduction to technical indicators, trading signals, and user-defined strategies is given in Section 2. Proposed simulation method in given in Section 3. In section 4, we describe the training process for clissifiers. In section 5, we detail the experimental results obtained from testing with price data from Hong Kong Stock Market. In Section 5, we briefly review recent work before summarizing our ideas and future work in Section 6.
Technical indicators, trading signals, and user-defined strategies
Trading strategies are often used to determine what kind of actions to be taken at specific point in time. Trading strategies may also be used to determine the relevant price and the volume of the financial instruments to maximize the profit while minimize the risk [18] . In this paper, we propose an incremental approach for composing strategies from trading signals and technical indicators. The steps for composing trading strategies are described in Figure 1 . 
Technical indicators
Technical indicators can be derived from the price data of a security. In the following sections we briefly describe three common technical indicators which are used in this research.
Simple Moving Average (SMA):
Moving average is one of the most widely used technical indicators. A simple moving average (SMA) can be constructed by adding a set of price data and then dividing by the number of observations in the period examined [3] . For example, an N-day simple moving average of closing price can be calculated as: 
Exponential Moving Average (EMA):
In calculating SMA, older price data outside of the specified days is not considered. Such omitting can be a problem when there is a large change in the neglected part of the data. EMA assigns larger weight to the latest price data. EMA also responds to changes faster than SMA. EMA can be calculated as follows [3] :
, N is the number of days in the EMA (selected by the trader), PToday is today's price, and EMAYeserday is the EMA of yesterday.
Moving Average Convergence/Divergence (MACD):
The Moving Average Convergence/Divergence indicator was developed by Gerald Appel. The MACD indicator consists of two lines: a Fast line and a slow line. The fast line (also called the MACD line) is usually the difference between 12-day EMA and 26-day EMA [4] . The slow line (also called the signal line) is usually a 9-day EMA of the fast line [4] . Based on the two lines, we can plot a MACD-histogram based on the following formula.
MACD-histogram = Fast line -Slow line (3)
MACD-histogram can be plotted as a series of vertical bars and often used to identify whether current trend is losing momentum or not. For instance, when the histogram is positive but starts to fall toward the zero line, it indicates that the uptrend is weakening [4] . When the histogram is negative and begins to move toward the zero line, it indicates that the downtrend is losing momentum [4] .
Trading signals
In technical analysis, trading signals are used to trigger a buy/sell action. Trading signals can be calculated from technical indicators. In the following sections we briefly describe three common trading signals which can be constructed from SMA, EMA, and MACD. 
User defined strategies
A user defined strategy is a predefined set of conditions for making trading decisions. A strategy contains two groups of conditions: Signal Appear Conditions (SAC) and Signal Termination Conditions (STC). The system performs "Buy" action when all the conditions for SAC are satisfied. Likewise, the system performs "Sell" action when all the conditions for STC are satisfied. The structure for user defined strategies is depicted in Figure 5 . Operators which can be used in constructing conditions for the strategies are listed in Table 1 . These operators can be categorized into either "Binary" or "Unary" depending on the indicators used in the strategies. Binary operators can be used for SMA and EMA indicators whereas only unary operators can only be used for MACD indicators. A sample strategy based on EMA(10) and EMA (20) is depicted in Figure 6 . In some indicators, the price of the stock can be directly used in composing strategies. For instance, the signal appear condition from Figure 6 can be revised as "Price Cross up through EMA(20)". 
Simulation with strategies
The strategies defined by the users can be tested against the historical price of the stock. To evaluate the performance, the system automatically downloads the historical price data from Yahoo beginning at a specified date. The daily closing price of the stock is then used for calculating required signals. The system simulates buy and sell actions whenever the specified conditions in the strategy are satisfied. The example actions performed during the simulation are shown in green (buy) and red (sell) circles in Figure 7 . The sample simulation result of the HSBC stock (00005.HK) is depicted in Figure  8 . According to the simulation, the "Buy" and "Sell" signal pairs appeared 38 times during the simulation period and the signal has exceeded a predefined threshold (percentage of increase in the price) 11 times. The simulation uses the initial capital $10000 to buy and sell the stocks according to the user defined strategy. The total return is then calculated based on the initial capital. 
Classifiers Training
In this section we describe how the results of the simulation can be used to train classification models. Recall that in Section 2, a trader can compose more than one strategy for a particular stock. However, each strategy can trigger a "Buy" or "Sell" action whenever the SAC and STC are satisfied. If all strategies are used simultaneously for decision making, a trader may receive multiple or even conflicting buy/sell signals at the same time. Therefore, in order to resolve these conflicts, a unified approach is required to take into account the outcomes (states) of each strategy.
Based on this underpinning, we developed a data mining approach to train classification models for stock recommendation. In this approach, the signals from each strategy and the price changes in the stocks are used for training. Our prototype system stores the training data in Attribute-Relation File Format (ARFF) from WEKA [2] . The training data contains two sets of columns: Change in Stock Price (CSP) and Outcomes from Applying Strategies (OAS). The output column is the recommended action which is either "Buy", "Sell", or "Nil". A sample training data is given in Table 2 .
First, the trader composes strategies for a targeted stock and set the start date for simulation. Next, the system automatically downloads the historical prices and performs simulation based on these strategies. During the simulation, the system automatically extracts the states of each strategy and the corresponding time period (denoted as start and end date in Table 2 ). During that period, the states of these strategies are constant. Whenever one of the strategies changes its state, the system automatically records the time and begins a new period. There are four possible states for a strategy: appear (A), ongoing (O), terminated (T), and nil (N). The outcomes of applying strategies (OAS) are then indexed by the dates as shown in Table 2 . 
Where P i is the price of day i, and CSP(k) is the change in stock price of last k days. The system then calculates the Return (R) based on the price difference between the start and the end date as follows.
Finally, the action attribute from Table 2 can be obtained by comparing the return to the Buy Action Threshold (BAT) And Sell Action Threshold (SAT). These two thresholds (see Figure 9) are set by the user before the training begins. The recommended action is "Buy" if the return is greater than BAT, the action is "Sell" if the return is less than SAT, otherwise action is Nil. Fig. 9 . Deciding action based on BAT and SAT By varying the value of BAT and SAT, the trader can fine-tune the frequency and profit consciousness of the trading. For instance, high BAT value will produce less "Buy" actions during the generation of training data. The recorded data is then used by the prototype system for training classifiers based on J48, Multi-layer Perceptron, and Naïve Bayes algorithms.
Experimental result
The trained classifiers have been tested against a number of stocks from Hong Kong Stock Market. Due to the limited space, we select three stocks (00001.HK: CHEUNG KONG, 00005.HK: HSBC Holdings, 00941.HK: China Mobile) for discussion. For these stocks, historical price data (closing price) from 1 st Jan 2005 to 28 th Feb 2009 is used for training and the price data from 1 st Mar 2009 to 31 st May 2010 is used for testing the classifiers. Both training and testing is performed daily. Therefore, the period considered for training increases as the time progresses. In our experiment, we consider following four strategies (see Table 3 ). Table 3 . Four strategies used in the experiment In these experiments, we consider three combinations of BAT and SAT values: (BAT 2%, SAT -2%), (BAT 3%, SAT -2%), and (BAT 2%, SAT -3%). J48, Multilayer Perceptron, and Naïve Bayes classification models are used for training. The results of the testing are ranked by the total return as shown in Figure 10 , 11, and 12. The results from the experiment show that the performance of the algorithms varies from one stock to another. For instance, J48 yields the best result for the stock 00001.HK whereas Naïve Bayes classification yields the best result for the remaining two stocks. In addition, the result also shows that the performance of the recommendation also depends on the BAT and SAT values. Larger BAT and SAT can result reduced trading frequencies whereas smaller BAT and SAT values can lead to risk-taking behavior in trading.
Related work
Soft computing techniques have been widely used by the researchers to forecast the stock returns. The survey by Atsalakis et al. [6] identified various studies on forecasting for more than 20 stock markets. Although our approach has been demonstrated through some of the selected stocks from Hong Kong stock market, it can be applied to any other markets.
Various input parameters have also been considered by researchers to forecast stock returns, such as stock prices [8] , trading volume, dividend, yield, indexes [7] , technical indicators [9] , and technical analysis variables [10] . In our approach, we use the history of the stock price and the signals generated by the user-defined strategies. One of the important characteristics of our approach is that, in training classification models, we allow variable number of input parameters. Specifically, the number of attributes (columns) for OAS in Table 2 is equivalent to the total number of strategies defined by the trader.
Numerous modeling techniques have been studied in literature for forecasting stock markets. Similar to our approach, multilayer perceptron model (MLP) was used to forecast the return on the Spanish bIbex-35Q stock index [11] and TEPIX index from Tehran's Stock Exchange [12] . In [13] , C4.5 was used in predicting the direction of Taiwan Stock Index returns whereas in [14] C4.5 classifiers are used to forecast the short-term market reaction to news. Naïve Bayes classification was also used to forecasting movement direction of Hang Seng Index based on its opening price, high price, low price, S&P 500 index, and currency exchange rate between HK dollar and US dollar [16] . In [17] , Naïve Bayes classification was used to predict sentiment about stock using financial message boards. Sentiments expressed by individual authors are extracted from financial message boards to learn the correlation between the sentiments and the stock values. The learned model is then be used to make future predictions about stock values.
Conclusion
In this paper, we describe a framework for modeling strategies based on technical indicators and trading signals. We show how classifiers can be trained based on the outcomes of the strategies. The trained classifiers are then used to assist traders in deciding when to long or short a particular stock. A prototype system including strategy modeling framework and classifier training/testing was developed in JAVA, WEKA [2] , and amCharts [1] . Experiments conducted with the price data from Hong Kong Stock Market show promising results.
The main contribution of our approach is twofold. First, our approach allows incremental composition of complex trading strategies. Such capability is crucial for advanced traders who need to tailor their trading strategies. Second, based on the proposed approach, classifiers can be trained and tested against historical price data regardless of the complexity of these strategies. Instead of relying on a predefined set of technical indicators, our approach allows incorporation of all signals which can be generated from the user-defined strategies. Specifically, the data mining approach presented in this paper implictly eliminates any potential conflicting recommendations from the strategies.
As for the future work, we are currently testing other data mining techniques for recommending stock trading actions. To improve the performance, we are also planning to include additional market related attributes for training classifiers.
